Abstract: This paper provides evidence on the returns to schooling in current and lifetime earnings.
Introduction
Earnings regressions are at the heart of labor economics, and have been widely used to capture how the labor market rewards productivity attributes like schooling. The earnings regression can be derived from economic theory assuming that individuals choose schooling level to maximize their present value of lifetime earnings, taking as given the post-school earnings profile. Yet, empirical evidence on the returns to schooling usually comes from cross-section studies, regressing (log) current earnings on schooling conditional on age or (potential) experience. 1 The common practice of using current earnings to proxy for lifetime earnings is due to the simple fact that researchers seldom have access to data on long-run or lifetime earnings.
Unfortunately, this empirical simplification does not come without a price. Haider and Solon (2006) demonstrate that the association between current and lifetime earnings varies systematically over the life-cycle. 2 They further show that regression models, using current earnings as a proxy for lifetime earnings, will therefore produce inconsistent estimates (i.e.
life-cycle bias) of the regression coefficients. Importantly, this misspecification leads to inconsistent estimates above and beyond the bias due to classical measurement error, and the inconsistency will occur even when the current earnings proxy is used as a dependent variable. Therefore, a critical element in identifying the returns to schooling is to assess the role of life-cycle bias in earnings regressions. That is the focus of this study. Figure 1 illustrates the large amount of life-cycle bias that may be embedded in returns to schooling estimates based on current earnings. This figure plots the log-earnings age profiles for college and high-school educated Norwegian men born in the years 1948-1950. 1 See Heckman et al. (2006 , 2008 for a critical review of the large empirical literature on earnings regressions based on Mincer's (1974) seminal model of schooling choices. 2 Haider and Solon (2006) use US data to demonstrate the strong life-cycle association between current and annual earnings.
Their empirical analysis is replicated and extended for Sweden (Böhlmark and Lindquist, 2006) and Germany (Brenner, 2010) . See also Björklund (1993) for an early study of the correlation between current and lifetime income.
Both earnings profiles display the familiar concave shape documented and analyzed by Mincer (1974) , but the college educated workers experience more rapid earnings growth through most of the life-cycle. The horizontal lines depict the log of lifetime earnings, measured as the annuitized value of real earnings from age 20 to 58. The difference in the log of lifetime earnings between college and high-school educated workers is simply the vertical distance between the two horizontal lines. The life-cycle bias in the returns to schooling at a particular age depends on how well the difference in the log of current earnings approximates the difference in the log of lifetime earnings. The figure suggests that the current earnings gap between college and high school educated workers late (early) in their careers tends to overstate (understate) the lifetime earnings gap. Taken at face value and assuming that schooling is exogenous, this would mean that there is an upward (downward) life-cycle bias in the returns to schooling, when earnings are measured late (early) in the working lifespan.
The main objectives of this paper are (a) to estimate the returns to schooling in lifetime and current earnings, and (b) to assess the life-cycle bias in returns to schooling.
Previous evidence on life-cycle bias in the returns to schooling comes from studies that have assumed that schooling is exogenous, and constructed synthetic cohort-based earnings profiles from short panels of earnings data spanning only a segment of the life-cycle. 3 We use a unique Norwegian data set with nearly career-long earnings histories for certain cohorts.
Our analytic sample is restricted to males. To account for the endogeneity of schooling, we apply three different identification strategies that are currently in use in the literature: i)
within-twin-pair estimation, ii) controls for ability test scores, and iii) compulsory schooling reform as instrument for schooling. It should be emphasized that our focus is not on the validity of these identification strategies: Our aims are to estimate the returns to schooling in lifetime earnings, and to assess the importance of life-cycle bias in earnings regressions using current earnings as proxy for lifetime earnings, applying commonly used identification strategies.
Our returns to schooling estimates may be summarized with three important conclusions. First, we find evidence of substantial life-cycle bias in the returns to schooling, often exceeding the bias from assuming that schooling is exogenous. The life-cycle bias is minimized when individuals' earnings are measured in their early 30s, and there is large positive (negative) life-cycle bias with earnings measured after age 40 (before age 30). A possible remedy for cross-section estimates of the returns to schooling is to restrict the sample to individuals around age 32-33. Second, the common practice of using cross-section data when estimating the returns to schooling is shown to be highly sensitive to the age composition of the sample. They tend to increase with mean age, reflecting that higher educated workers experience more rapid earnings growth through most of the life-cycle. This means that it is necessary to pay close attention to differences in age composition when comparing estimates of the returns to schooling across countries, subgroups, or time. Third, the returns to schooling in lifetime earnings are relatively low compared to what previous studies using cross-section data have suggested. This means that we may need to reconsider how much the labor market actually rewards an additional year of schooling.
After assessing the life-cycle bias in cross-section estimates of the returns to schooling, we investigate whether it is likely to be merely an econometric peculiarity or a real cause for concern in empirical research. Using our Norwegian data, we first show that the large increase in the returns to schooling since the 1980s disappears once life-cycle bias is minimized by restricting the cross-section estimates to the sample of individuals aged 32-33.
This raises the question of whether the rise in the returns to schooling observed in most developed countries over the last decades is an artifact of changes in life-cycle bias. 4 Next, we perform a meta-analysis of the studies reported in the review articles by Card (1999) , Harmon, Oosterbeek and Walker (2003) , Oreopolous (2006) , and Devereux and Fan (2011) .
Consistent with a story of life-cycle bias, our analysis shows a strong positive correlation between the mean age in the sample and the estimated returns to schooling. Our meta-analysis also reveals that the sample mean age generally exceeds the age at which life-cycle bias in our estimates is minimized. This raises the concern that previous evidence may have overstated how much the labor market actually rewards schooling.
We conclude the empirical analysis with an examination of the usefulness of errors-invariables models for analyzing and correcting for life-cycle bias in earnings regressions. Our findings echo the conclusion of Haider and Solon (2006) , in that we need to exercise due caution in applying the generalized errors-in-variables model to address life-cycle bias in applied research. 5 On the one hand, the generalized errors-in-variables model predicts well the age at which life-cycle bias in the returns to schooling is minimized. On the other hand, the model appears to be less useful in correcting for life-cycle bias at other ages and in backing out the life-cycle profile in the returns to schooling. The main limitation of the generalized errors-in-variables model seems to be the assumption that the measurement error is uncorrelated with the determinants of earnings, and not that schooling is assumed to be uncorrelated with the error term. That said, the generalized errors-in-variables model is clearly a significant improvement over the textbook model, and highlights well the problems 4 The rise in the returns to schooling and the associated increase in earnings inequality in almost all developed countries since the early 1980s is one of the most extensively researched topics in economics (see e.g. Lemieux, 2008) . While there is substantial agreement about the facts, there is no consensus about the underlying causes. A number of explanations have been proposed and scrutinized, including skill-biased technical change, international trade and globalization, and changes in labor market institutions such as a decline in unionization and an erosion of the minimum wage. 5 The empirical analysis of the generalized errors-in-variables model by Haider and Solon has been replicated and extended for Sweden (Böhlmark and Lindquist, 2006) , Germany (Brenner, 2010) , and Norway (Nilsen, Vaage, Aakvik and Jacobsen, 2010) . See also Stuhler (2010) and Nybom and Stuhler (2011) and for a critical assessment of life-cycle bias in intergenerational mobility estimation, with particular emphasis on the generalized errors-in-variables model. due to life-cycle bias in a wide range of research that use current earnings variables as proxies for long-run earnings.
This paper unfolds as follows. Section 2 presents a theoretical framework that relates the returns to schooling in current and lifetime earnings and illustrates the possible role of life-cycle bias in earnings regressions. Section 3 describes our data. Section 4 presents the identification strategies and reports summary statistics. Section 5 provides the estimates of the returns to schooling in lifetime and current earnings, before assessing the life-cycle bias.
Section 6 examines the usefulness of the generalized errors in-variables model in analyzing and correcting for life-cycle bias in the returns to schooling. Section 7 concludes.
Theoretical framework
This section uses a framework of compensating differences, originally proposed by Mincer (1958) , to relate the returns to schooling in current and lifetime earnings and illustrate the possible role of life-cycle bias in earnings regressions.
Following Willis and Rosen (1979) , suppose that individuals choose between two levels of schooling, labeled college (A) and high school (B), to maximize the present value of lifetime earnings. Assume that credit markets are perfect and the environment is perfectly certain, but occupations differ in the amount of schooling required. If an individual chooses college, his current stream is . In long-run competitive equilibrium, the relationship between lifetime earnings and schooling is such that (i) the supply and demand for workers of each schooling level are equated, and (ii) no worker wishes to alter his schooling level.
In the basic framework of compensating differences, individuals are ex ante identical.
In this case, equilibrium requires that individuals are indifferent between schooling levels such that the return to college in lifetime earnings is zero,
However, the return to college in current earnings, , y log y log B t A t − will generally be non-zero in equilibrium. Moreover, the difference in the returns to college in lifetime and current earnings will vary as a function of the age (or experience level) at which current earnings are observed, More realistic model of earnings allow for ex-ante heterogeneous individuals, such as in initial wages, growth rates, and the interest rate (see e.g. Willis and Rosen, 1979; Cameron and Taber, 2004, Heckman, Lochner and Todd, 2006 ). Yet, the crucial insight of the basic 7 framework of compensating differences still applies: To induce a worker to undertake additional schooling, foregone earnings while in school must be compensated by higher future earnings. This may generate changes in earnings variation around the central tendency of earnings growth, causing life-cycle bias in earnings regressions using cross-section data.
To circumvent the issue of life-cycle bias, the data used to estimate the return to schooling would ideally consist of complete longitudinal life histories of earnings.
Unfortunately, such ideal data are seldom available. Mincer (1974) therefore suggested two simple approaches to approximate the returns to schooling in lifetime earnings from crosssection data. In the remainder of the paper, we will estimate the returns to schooling in lifetime earnings from nearly career-long earnings histories, and assess how well the two approaches address the issue of life-cycle bias in earnings regressions based on cross-section data.
The first, much used approach assumes separability between schooling and age (or experience), in which case controlling for age (or experience) addresses the issue of life-cycle bias. In our case, the separability assumption would imply that
Unfortunately, data do not support the separability assumption; moreover, it is at odds with more realistic models of earnings (see e.g. Heckman, Lochner and Todd, 2006 Our measure of earnings is the sum of pretax market income (from wages and selfemployment) and work-related cash transfers, such as unemployment benefits, sick benefits, and parental leave benefits. We define current earnings as the annual real earnings in a given year, adjusted for inflation and real wage growth. Following Haider and Solon (2006) , our measure of lifetime earnings is the annuity value of the discounted sum of annual real earnings. To calculate the annuity value we use an interest rate of 2.3 percent, which 6 A third approach is to assume a stationary economy, with zero aggregate productivity change and constant population growth rate, in which case cross-sectional earnings-age profiles can be used to construct synthetic cohort-based earningsage profiles. However, recent analyses reveal that earnings patterns have changed dramatically across cohorts: As a result, constructing synthetic cohort-based earnings profiles from cross-section data will generate bias in earnings regressions (see e.g. Heckman, Lochner and Todd, 2006 And fourth, top-coding is only performed at very high earnings levels. In fact, less than 3 percent of the observations have right-censored earnings in any given year. Yet to make sure that top-coding is not driving our results, we have also estimated the returns to schooling using a Pareto distribution to simulate earnings above the top-coding threshold. Appendix B describes the results from this robustness check.
Our regressor of interest is the number of years of schooling. To ensure that virtually everyone has completed their education, we will throughout this paper measure schooling at age 40. Educational attainment is reported by the educational establishment directly to Statistics Norway, thereby minimizing any measurement error due to misreporting.
Our main results focus on the 1948-1950 cohorts, in order to ensure complete records on earnings from age 20 to 58. Our analytic sample is restricted to males, to minimize selection issues due to the low labor market participation rates for women in the early periods.
We exclude immigrants as well as individuals with missing information on years of schooling, place of residence, or family background variables. Our key dependent variables are the log of the annuitized value of earnings from age 20 to 58, as well as the log of current earnings at every age 28-58. In order to ensure that our sample is the same for all dependent variables, we exclude individuals with zero earnings in one or more years between age 28 and 58. Applying these restrictions provided us with what we will refer to as the full sample, consisting of 56,832 individuals.
Identification strategies
In the absence of experimental evidence, it is difficult to know whether the higher earnings observed among high educated workers are caused by their additional schooling, or whether individuals with greater earning capacity have chosen to acquire more schooling. To address this concern for selection bias in earnings regressions, a number of identification strategies have been proposed and scrutinized. In this paper, we apply three different identification strategies that are currently in use in the literature.
Our earnings regressions are summarized by the following two equations:
In equations (1) and (2), s is the number of years schooling, F is a vector of control variables for family background, comprising family income and parental education. The only difference between the two earnings regressions is the specification of the dependent variable: equation
(1) uses lifetime earnings, y, whereas equation (2) estimation (see e.g. Griliches, 1979, Ashenfelter and Krueger, 1994) . This strategy identifies the returns to schooling by comparing the difference in schooling of the twins in a pair with the difference in their earnings. The idea is that twins share genetics and the same family background environment, possibly reducing the extent of ability bias.
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Our twin sample consists of 702 individuals, amounting to around 1.3 percent of the full sample. Unfortunately, our data does not allow us to distinguish between monozygotic and dizygotic twins. This means that our within-twin-pair estimates might be confounded by unobserved heterogeneity in genetics. Since we only consider male twin pairs, we know from Weinberg's rule that about half of the twin sample is monozygotic.
Controls for ability.
In the second identification strategy, we attempt to control for differences in ability (see e.g. Griliches, 1977) , through information on IQ test scores from the Norwegian military records. In Norway, military service is compulsory for all able males. Before entering the service, their medical and psychological suitability is assessed: This occurs for the great majority around their eighteenth birthday. However, the IQ test scores are only available for cohorts born in 1950 or later. Our IQ sample therefore consists of 14,936 individuals who were born in 1950 and had non-missing IQ test scores.
The IQ measure is a composite score from three speeded IQ tests -arithmetic, word similarities, and figures. 8 The composite IQ test score is an unweighted mean of the three subtests. The IQ score is reported in stanine (Standard Nine) units, a method of standardizing 7 Although much used, within-twin-pair estimation has been criticized. First, there could be other differences between the twins that are unobservable to the researcher and that affect both the schooling decision and earnings. Second, within-pair estimates will suffer from greater attenuation bias if measurement error is greater for schooling measured in differences than levels. However, we reduce the problem of measurement error in schooling, by measuring completed education at age 40 and by using administrative data rather then self-reported surveys. See e.g. Bound and Solon (1999) and Isacsson (2004) for a discussion of attenuation bias in within-twin-pair estimation. 8 The arithmetic test is quite similar to the arithmetic test in the Wechsler Adult Intelligence Scale (WAIS) (Sundet et al. 2005; Cronbach 1964 ). The word test is similar to the vocabulary test in WAIS, and the figures test is similar to the Raven Progressive Matrix test (Cronbach 1964) . See Sundet et al. (2004 Sundet et al. ( , 2005 and Thrane (1977) for details. raw scores into a nine point standard scale with a normal distribution, a mean of 5, and a standard deviation of 2. We add a full set of test score indicators to the earnings regressions.
Instrumental variables strategy. Our third identification strategy follows Black, Devereux and Salvanes (2005) and Aakvik, Salvanes and Vaage (2010) in using the staged implementation of a Norwegian compulsory schooling law reform as a source to exogenous variation in schooling. The reform increased compulsory schooling from seven to nine years, and was implemented over a 12-year period from 1960 to 1971 in different municipalities (the lowest level of local administration) at different times. Thus, for more than a decade, Norwegian schools were divided into two separate systems, where the length of time of compulsory schooling depended on the year you were born and the municipality in which you lived.
We are able to successfully identify the year in which the reform was implemented for as many as 671 out of the 728 municipalities. In line with Black et al. (2005) and , we drop individuals who were residing in a municipality to which we could not assign a reform indicator. Applying this sample restriction we get an IV sample consisting of 53,915 individuals, which is nearly 95 percent of the full sample.
Our instrumental variables (IV) strategy is summarized by the second stages expressed in equations (1) and (2), and the first stage:
where R is the compulsory schooling reform dummy, being equal to 1 if the individual was We refer to Black et al. (2005) and Aakvik et al. (2010) for detailed discussions of instrument validity and of relevant institutional details. For example, they show that there is no relationship between the timing of implementation of the schooling reform and municipality characteristics such as average earnings, education levels, average age, urban/rural status, industry or labor force composition, municipality unemployment rates, or the share of individuals who were members of the Labor Party (the most pro-reform of the dominant political parties).
Summary statistics. Table 1 reports summary statistics for each sample. There are common patterns in the summary statistics across the samples. First, average current earnings display the familiar concave shape over the life-cycle, increasing from age 28 to 48, and declining slightly afterwards. Second, average current earnings are most similar to average lifetime earnings when individuals are in their mid 30s. Third, the increase in average current earnings over the life-cycle is accompanied by an increase in the variance of current earnings. This is an important observation, since life-cycle bias is due to changes in earnings variation around the central tendency of earnings growth. The main difference across the samples is that twins have somewhat lower earnings and educational attainment, in line with the findings of previous studies (see e.g. Bound and Solon, 1999) .
Returns to schooling estimates
We begin by reporting estimates of the returns to schooling in lifetime and current earnings from a cohort-based analysis, following individuals over their working life span. This allows us to assess the life-cycle profile in the returns to schooling, and identify the ages at which life-cycle bias is minimized. Next, we follow standard practice in the literature on earnings regressions and use cross-section data to estimate the returns to schooling. By comparing these results to those produced by the cohort-based analysis, we learn how well the crosssection estimates of the returns to schooling approximate the returns to lifetime earnings.
Furthermore, by comparing the cross-section estimates from different years, we can examine the sensitivity of returns to schooling estimates to changes in the age composition of the sample. We conclude this section with a discussion of our finding, assessing whether lifecycle bias is likely to be merely an econometric peculiarity or a real cause for concern in empirical research.
Cohort-based analysis
Main analytical sample. As described above, our main analytical sample consists of the 1948-1950 cohorts, for which we have complete records on earnings from age 20 to 58. Table 2 shows the estimated returns to schooling in lifetime earnings and current earnings at different ages for these cohorts. The table reports results for the full sample (column 1), the IQ sample (columns 2-3), the twin sample (columns 4-5), and the IV sample (columns 5-6).
10 Each cell represents a separate regression. Figure 2 plots the estimated returns to schooling in lifetime earnings and current earnings, age 28-58.
There are clear patterns in our results, independent of identification strategy. We see that the returns to schooling increase over most of the life-cycle. The estimates start out negative when these men are young, reflecting that some individuals taking higher education are still in school, and that the low educated workers have considerably more work experience early in their careers. The returns to schooling rise quickly until individuals are in their late 30s, after which they increase modestly. The association between the returns to schooling in lifetime and current earnings is strongest when individuals are 32-33 years old, and there is positive (negative) life-cycle bias with earnings measured after age 40 (before age 30).
There are, however, some noticeable differences in the results across the identification strategies. These differences are unlikely to be due to the discrepancies in sample selection, as the OLS estimates are quite similar across the samples. Instead, they likely reflect population heterogeneity in the returns to schooling or omitted variables bias. The IV strategy produces the highest returns to schooling in lifetime earnings and the most pronounced life-cycle bias.
A common interpretation of the relatively high IV estimates of the returns to schooling is that the effect of another year of schooling varies across individuals, and that the instruments used change the educational choice of a subgroup with relatively high returns. 11 An often-cited example is studies that measure the return to schooling among persons obliged to stay in school longer because of compulsory school laws. The argument is that compulsory schooling laws mostly affect the education decision of persons with poor family background, and that 10 The first stage estimates are provided in Table A .2 in Appendix A. We can see that the first stages are strong with Fstatistics on the excluded instruments exceeding 43, which means that we do not need to worry about problems due to weak instruments. 11 An alternative explanation is that measurement error in schooling leads to a downward bias in the OLS estimates of the returns to schooling. Card (2001) concludes, however, that it is unlikely that so many studies would find large positive gaps between their IV and OLS estimates simply because of measurement error. the return to more schooling in this subset of the population is relatively high. Along the same lines, an interpretation of our results is that the subgroup induced to take more schooling because of the compulsory schooling law reform not only achieve an increase in earnings levels, but also a more rapid earnings growth over the life-cycle.
Turning attention to the within-twin-pairs estimation and the strategy of controlling for test scores, we find that the OLS estimates generally exceed the within-twin returns to schooling estimates. A common interpretation of this finding is that endogeneity of schooling leads to upward bias in OLS estimates of the returns to schooling. However, our results suggest that this ability bias is fairly stable over the life-cycle.
Extended analytical sample. Our estimates from the 1948-1950 cohorts may not necessarily extend to other cohorts, because of changes in skill prices or cohort quality. We therefore examine the external validity of our results by changing the cohorts included in the analytical sample. Specifically, we look separately at cohorts born 1951-1953 and 1954-1956, using Table A .3. The key finding is that there is no significant difference in the estimated returns to schooling in lifetime earnings across the cohorts. 
Cross-section analysis

Discussion
An important insight from our analysis is that cross-section estimates of the returns to schooling are highly sensitive to the age composition of the sample. In particular, they tend to increase with mean age, reflecting that high educated workers experience more rapid earnings growth through most of the life-cycle. This means that we need to pay close attention to differences in age composition when comparing cross-section estimates of the returns to schooling across countries, subgroups, or time. Below, we illustrate by two examples the possible implications of life-cycle bias for the conclusions drawn about the returns to schooling.
First, we use our Norwegian data to examine how changes in the age composition of the sample may affect the evolution of the returns to schooling from 1967 to 2008. In each year, we estimate the returns to schooling for males aged 16-64 and for the subsample of males aged 32-33. Figure 3 displays the result. We can see that the returns to schooling for males aged 16-64 increased over the 1980s and into the late 1990s. However, the large increase in the returns to schooling disappears once we minimize life-cycle bias by restricting the cross-section estimates to the sample of individuals aged 32-33. Although we cannot rule out that the differential time trends reflect differences in cohort quality, it raises the question of whether the increase in the returns to schooling for males aged 16-64 is an artefact of changes in life-cycle bias. In particular, since the 1980s the large baby boom cohorts have made their way along the earnings-age profile: We would therefore expect an increase in (upward) life-cycle bias in cross-section estimates of the returns to schooling. 13
Next, we perform a meta-analysis of the cross-section studies reported in the review articles by Card (1999) , Harmon et al. (2003) , Oreopolous (2006) , and Devereux and Fan (2011) . We restrict the analysis to the studies from the Anglon-Saxon countries, which includes information about the mean age in the sample. Figure 4 plots the estimated returns to schooling and the sample mean age for the eleven cross-sections. Consistent with a story of life-cycle bias, the figure shows a strong positive association between the mean age in the sample and the estimated returns to schooling, with a correlation of .71. In fact, the positive association between mean age and the returns to schooling holds up even if we limit the comparison to cross-section estimates taken from the same year (1980 or 1993) in the US.
We also see that the sample mean age generally exceed the age at which life-cycle bias in our estimates is minimized. This raises the concern that previous evidence may have overstated how much the labor market actually rewards an addition year of schooling.
Errors-in-variables models
13 As in almost all developed countries, Norway experienced a large increase in the population growth rate following World where the error term ε is assumed to be uncorrelated with schooling s, and the measurement error v t is assumed to be uncorrelated with each separate determinant of y (s andε ).
14 Under these assumptions, the widespread use of y t as a proxy for y in equation (5) gives a probability limit of the slope coefficient equal to ρ λ t . In the textbook case where
, ρ will be consistently estimated by OLS. Haider and Solon's (2006) generalized model relaxes this assumption, implying that ρ is biased by a factor of t λ , and the inconsistency varies as a function of the age at which current earnings are observed.
The generalized-errors-in-variables model implies that knowing t ρ and t λ at any age t is sufficient to infer the returns to schooling in lifetime earnings, ρ . And vice versa, to infer the returns to schooling in current earnings at any age t, t ρ , it is sufficient to know ρ and t λ .
Hence, if the generalized errors-in-variables assumptions hold, the model can be used to back out the life-cycle profile in the returns to schooling, and to correct for life-cycle bias in crosssection estimates of the returns to schooling.
We begin by estimating equation (4). Figure 5 presents the estimates of t λ for the full sample, the twin sample, the IQ sample, and the IV sample. We can see that the associations between current and lifetime earnings are generally different from one, and vary systematically over the life-cycle. Thus, our results confirm the findings of Haider and Solon in suggesting that the textbook errors-in-variables model provides an incorrect characterization of the association between current and lifetime earnings.
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Next, we use our estimates of t ρ and t λ at every t to construct a set of age-specific predictions for the returns to schooling in lifetime earnings, and compare them to the estimated returns to schooling in lifetime earnings. The difference between the predicted and the estimated returns to schooling in lifetime earnings tells us how well the generalized errorsin-variables model corrects for life-cycle bias at a given year t. Figure 6 displays the results for each sample. We see that the predicted returns to schooling in lifetime earnings are negative when these men are younger than 30. They rise quickly, crossing the estimated returns to schooling in lifetime earnings in the early 30s, after which they diverge. There is generally large positive (negative) bias in the predicted returns to schooling in lifetime earnings after age 35 (before age 30).
Finally, we use our estimates of ρ and t λ to construct a set of predictions for the lifecycle profile in the returns to schooling. Figure 7 displays the results for each sample. We see that the predicted returns are not able to reveal the life-cycle profile in the estimated returns to schooling. The predicted returns start out positive and substantial when the estimated returns are negative. They coincide when individuals are in their early 30s, after which the predicted returns increase much less than the estimated returns. 15 Haider and Solon's estimates of t λ start out at .24 at age 19, increases steadily until it rises to 1 at age 32, and then declines somewhat in the later forties. Our estimates are quite similar until individuals are in their mid 30s, but we do not find evidence of any decline after age 40. In addition, our estimates of t λ are much more precisely estimated, reflecting our relatively large sample size.
Our findings echo the conclusion of Haider and Solon, in that we need to exercise due caution in applying the generalized errors-in-variables model to address life-cycle bias in applied research. On the one hand, the generalized errors-in-variables model predicts well the age at which life-cycle bias in the returns to schooling is minimized. On the other hand, the model is not able to predict the life-cycle profile in the returns to schooling. Moreover, the model predictions of the returns to schooling in lifetime earnings are severely biased upward (downward), when current earnings are measured after age 35 (before age 30). The prediction errors occur independently of identification strategy: This suggests that the main limitation of the generalized errors-in-variables model in the returns to schooling application is the assumption that the measurement error is uncorrelated with the determinants of earnings, and not that schooling is assumed to be uncorrelated with the error term. That said, the generalized errors-in-variables model is clearly a significant improvement over the textbook model, and highlights well the problems due to life-cycle bias in a wide range of research that use current earnings variables as proxies for long-run earnings.
Conclusion
Research on the economic returns to schooling has a long history in economics. In particular, considerable effort has been directed towards examining the implicit assumption of the Mincer (1957 Mincer ( , 1974 model that schooling is exogenous, and a number of identification strategies have been proposed and scrutinized. In contrast, much less attention has been devoted to the life-cycle bias that may arise from the widespread use of current earnings as a proxy for lifetime earnings.
This paper provides evidence on the returns to schooling in current and lifetime earnings. We use these results to assess the importance of life-cycle bias in earnings regressions using current earnings as proxy for lifetime earnings. To account for the endogeneity of schooling, we apply three different identification strategies that are currently in use in the literature: i) within-twin-pair estimation, ii) controls for ability test scores, and iii) compulsory schooling reform as instrument for schooling.
We find evidence of substantial life-cycle bias in the returns to schooling, often exceeding the bias from assuming that schooling is exogenous. The life-cycle bias is minimized when current earnings are measured in their early 30s, and there is large positive (negative) life-cycle bias with current earnings measured after age 40 (before age 30). A possible remedy for cross-section estimates of the returns to schooling is to restrict the sample to individuals aged 30-35. Another important finding is that the cross-section estimates of the returns to schooling are highly sensitive to the age composition of the sample. They tend to increase with mean age, reflecting that higher educated workers experience more rapid earnings growth through most of the life-cycle. This means that it is necessary to pay close attention to differences in age composition when comparing estimates of the returns to schooling across countries, subgroups, or time. Our study also shows that the returns to schooling in lifetime earnings are relatively low compared to what cross-section estimates typically suggest. This means that that we may need to reconsider how much the labor market actually rewards an additional year of schooling.
However, caution is in order. Since we use observational data, we cannot rule out that our estimates suffer from omitted variables bias. Nevertheless, it is reassuring that the main patterns in our results hold true across identification strategies. Another caveat is that the lifecycle bias and the returns to schooling in current and lifetime earnings for the Norwegian cohorts born in the late 1940 and the early 1950 may differ from those for other cohorts or other countries. In particular, we advise readers to exercise due caution in importing our estimates of life-cycle bias to other earnings data. The general lesson to be drawn from our paper is rather that more attention needs to be devoted to life-cycle bias, if we want to use earnings regressions to capture how the labor market rewards productivity attributes like schooling. 
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Note: This figure plots estimates of the returns to schooling in current and lifetime earning by identification strategy. Cohort dummies, municipality fixed effects and family background variables are included in all regressions. First stage IV estimation results are given in Table A US (1979 US ( -1987 US (1993) US (1979) (1980) (1981) (1982) (1983) (1984) (1985) ) UK (1997 UK ( -2009 UK Canada US N. Ireland (1985 Ireland ( -1999 Note: This figure displays OLS estimates of the returns to schooling from the cross-section studies reported in the review articles by Card (1999) , Harmon et al. (2003) , Oreopolous (2006) and Devereux and Fan (2011) . We only report estimates from the Anglo-Saxon countries, which includes information about the mean age in the sample. The years in which earnings and age are measured are reported in parentheses. 24  26  28  30  32  34  36  38  40  42  44  46  48  50  52  54  56 58 Age
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Note: This figure plots estimates of the slope coefficient t λ from a regression of current earnings at age t on lifetime earnings, see equation (4). All regressions are performed separately for each sample. See notes in Table 1 for sample details.
Figure 6 Estimated and predicted lifetime return to schooling
Note: This figure uses estimates of t λ and estimates of the returns to schooling in current earnings at age t, t ρ , to plot the age-specific predicted returns to schooling in lifetime earnings,
. See notes in Table 1 for sample details. . See notes in Table 1 for sample details. 
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Age 28 235 Note: * p < 0.1, ** p < 0.05, *** p < 0.01. Standard errors in parentheses are robust to heteroskedasticity and clustered at the municipality level. See notes in Table 1 for sample details. Cohort dummies, municipality fixed effects and family background variables are included in all regressions. First stage IV estimation results are given in Table A 
OLS (2) OLS ( Note: * p < 0.1, ** p < 0.05, *** p < 0.01. Standard errors in parentheses are robust to heteroskedasticity and clustered at the municipality level. Cohort dummies, municipality fixed effects and family background variables are included in all regressions. First stage IV estimation results are given in Table A 
Earnings
Current earnings
The log of annual real earnings in a given year. Our earnings measure (pensjonsgivende inntekt) is the sum of pretax market income from wages, self-employment and work-related cash transfers, including unemployment benefits, sick leave benefits, and parental leave benefits. Annual earnings are adjusted for inflation and real wage growth using the standards of the Norwegian social security system. Records, 1967 Records, -2008 Lifetime earnings The log of the annuitized value of annual real earnings from age 20 to 58, calculated using an annual real interest rate of 2.3 percent.
Administrative Tax
Administrative Tax Records, 1967 -2008 Cohorts 1948-1950: The log of the annuitized value of annual real earnings from age 20 to 58 Cohorts 1950 Cohorts -1953 The log of the annuitized value of the sum of annual real earnings from age 20 to 55 and imputed earnings from age 56 to 58. Cohorts 1954 Cohorts -1956 : The log of the annuitized value of the sum of annual real earnings from age 20 to 52 and imputed earnings from age 53 to 58. (3) for cohorts 1948-1950 (columns 1 and 2), 1951-1953 (columns 3 and 4), 1954-1956 (columns 5 and 6) , and the pooled sample of cohorts 1948-1956 (columns 7 and 8) . We see that exposure to the compulsory education reform increased the number of years of schooling by nearly one-third of a year. There is also some evidence of heterogeneous responses to the reform. The change in compulsory schooling law had smaller impact on educational attainment of individuals with high educated mothers and rich parents. Moreover, we see that the reform effects were stronger among individuals who grew up in municipalities in close proximity to other school types, especially regional colleges and universities, and therefore had the possibility of pursuing higher education after completing the compulsory school. The first stage results are fairly similar across cohorts. We can also see that the first stages are strong with F-statistics on the excluded instruments exceeding 43, which means that we do not need to worry about problems due to weak instruments. 1948 -1950 Cohorts 1951 -1953 Cohorts 1954 -1956 Cohorts 1948 -1956 (1) Note: * p < 0.1, ** p < 0.05, *** p < 0.01. Standard errors in parentheses are robust to heteroskedasticity and clustered at the municipality level. See notes in Table  1 and Table 3 for sample details. Cohort dummies and municipality fixed effects are included in all regressions.
Administrative Tax Records, 1967-2008
Education
Years of schooling
First stage results
Nearest neighbor matching for imputation of missing earnings for cohorts born 1951-1956
Consider an individual i born in 1953, for which we want to impute earnings for age 56-58.
The nearest neighbor matching algorithm identifies the best individual match j* among the 1948-1950 cohorts. The best match is defined as the individual observation that minimizing the Mahalanobis distance in annual real earnings from age 20 to age 55, between the individual and the potential matches, conditional on a set of covariates (see Rosenbaum and Rubin, 1985) . The minimization problem as be expressed as finding an individual match * j for individual i such that Note: * p < 0.1, ** p < 0.05, *** p < 0.01. Robust standard errors adjusted for clustering at the municipality level are given in parentheses. See notes in Table 1 and Table 3 for sample details. Cohort dummies, municipality fixed effects and family background variables are included in all regressions. First stage IV estimation results are given in Table A. 2. See Appendix for a detailed description of the method used to impute earnings.
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Note: See notes in Table 1 for sample details. Cohort dummies, municipality fixed effects and family background variables are included in all regressions. First stage IV estimation results are given in Table A 
Top-coded earnings data
Prior to 1986, our earnings data are top-coded, though at fairly high levels. In fact, less than 3 percent of the observations have right-censored earnings in any given year. 17 Yet to make sure that top-coding is not driving our results, we follow Atkinson (2005) in using a Pareto distribution to simulate earnings above the top-coding threshold. The Pareto distribution is known to be a desirable approximation of the uppermost part of earnings and distributions.
The Pareto distribution has following CDF We estimate α and θ separately for each year between 1967 and 1985. In each year, we simulate as many observations from the estimated Pareto distribution as the number of top-censored observations. Next, the top-censored earnings are then replaced by the simulated earnings. Finally, we estimate returns to schooling in current and lifetime earnings using the 17 The top-coding in the Norwegian earnings data is considerably less severe than in the earnings data provided by the US Social Security Administration, where between 22.5 and 62.2 percent of the sample is right-censored in the years 1960 -1980 (Haider and Solon, 2006 . Moreover, our calculations show that most individuals in our sample escaped top-coding during [1971] [1972] [1973] [1974] [1975] and top-coding is not present in the earnings data for 1981. simulated top-earnings data, for each of our samples. The results are given in Table A.4. 18 It is reassuring to find that the estimates of returns to schooling barely move. Note: * p < 0.1, ** p < 0.05, *** p < 0.01. Standard errors in parentheses are robust to heteroskedasticity and clustered at the municipality level. See notes in Table  1 for sample details. Top-censored earnings are simulated from a Pareto distribution. Cohort dummies, municipality fixed effects and family background variables are included in all regressions. First stage IV estimation results are given in Table A.2 18 As an out-of-sample test of the simulation method, we perform the same exercise using earnings data for 1986 where there is no top-censoring. The simulated earnings using the Pareto method are very similar to the actual earnings. In fact, there is hardly any difference in the Gini coefficients (and other inequality measures) for the actual earnings distribution and the earnings distribution with simulated top-coded earnings.
